Abstract Purpose: Individualized therapy of lung adenocarcinoma depends on the accurate classification of patients into subgroups of poor and good prognosis, which reflects a different probability of disease recurrence and survival following therapy. However, it is currently impossible to reliably identify specific high-risk patients. Here, we propose a computational model system which accurately predicts the clinical outcome of individual patients based on their gene expression profiles. Experimental Design: Gene signatures were selected using feature selection algorithms random forests, correlation-based feature selection, and gain ratio attribute selection. Prediction models were built using random committee and Bayesian belief networks. The prognostic power of the survival predictors was also evaluated using hierarchical cluster analysis and Kaplan-Meier analysis.
for individual patients was not reported in their studies (5, 6, 18) . Therefore, their reports are not directly applicable to devising individualized therapeutic strategies for specific high-risk patients.
In this article, we present our model system to identify important marker genes, which could improve the prognosis for individual patients with lung adenocarcinoma. We used several standard feature selection algorithms, random forests (19) , correlation-based feature selection, and gain ratio attribute evaluation (20, 21) , to identify novel molecular signatures with regard to the interactions among genes. We identified a 37-gene signature (38 probes), with a 5-year survival prediction accuracy of 0.96 as measured by the area under curve (AUC) of the time-dependent receiver operating curve (ROC) on the data sets from Beer et al. (5) . The cluster analysis, using the 37-gene signature, aggregated the patient samples into three groups with distinct prognoses using Kaplan-Meier analysis (P < 0.0005, log-rank test). All patients in cluster 1 were in stage I, with N 0 lymph node status (no metastasis) and smaller tumor size (T 1 or T 2 ). In addition, we defined a 12-gene signature, which correctly predicted the stage of lung adenocarcinoma for 94.2% of patients. Furthermore, an identified 18-gene signature accurately predicted tumor differentiation (poor, moderate, and well) for 83.7% of lung adenocarcinoma patients. Our prediction models accurately predicted the clinical outcome for individual patients with lung adenocarcinoma. The differential expression analysis of the identified marker genes across cancer microarray data of various tissues and cell lines implies that the identified gene signatures are potentially novel biomarkers and therapeutics targets (12) .
Materials and Methods
Clinical samples. Two independent data sets of clinical samples were used for building and validating the prediction models. The original gene expression profiles of patient samples were reported in previous publications (5, 6) . The clinical information of patient samples and associated gene expression data files can be found online for the training set of 86 lung adenocarcinomas (5) 5 and the validation set of 84 adenocarcinomas (6) . 6 Feature selection algorithms in gene shaving. Feature selection algorithms, random forests (19) in software package R, 7 correlationbased feature selection (20) and gain ratio attribute selection (22) in software package WEKA 3.4 (20, 21) , 8 were used for signature discovery. A random forest is an ensemble of hundreds or thousands of classification trees. The final decision of the random forest is obtained using majority voting based on the results from these classification trees. The random forest algorithm ranks the variable importance in terms of the contribution to the predictive accuracy. The correlation-based feature selection algorithm identifies a good feature subset that contains features highly correlated with the class but is uncorrelated with each other. The gain ratio algorithm ranks a feature based on the gained information by using this attribute in a classification rule. The random forest algorithm was used on the original training data set (5) to select the top 40 to 60 genes. The correlation-based feature selection and gain ratio algorithms were used to further refine the gene signatures.
Machine-learning classifiers. Two well-known machine-learning algorithms in software package WEKA 3.4 were employed to build our prediction models and molecular classifiers. The random committee algorithm is a diverse ensemble of random tree classifiers. In the case of classification, the random committee algorithm generates predictions by averaging probability estimates over these classification trees. The Bayesian Belief Networks (BBNs) are computational structures of acyclic graph. Nodes in the network structure represent propositions interrelated by links signifying causal relationships among the nodes. The BBNs are based on a sound mathematical theory of Bayesian probability.
Specifically, the random committee algorithm was used to construct survival prediction models, and the BBNs were used to predict tumor stage and differentiation.
Time-dependent ROC curves and AUC. To evaluate the predictive performance of the proposed survival gene signatures, we employed time-dependent ROC analysis for censored data and AUC as our criteria to assess the 5-year survival predictions (23) . The time-dependent sensitivity and specificity functions are defined as:
The corresponding ROC(t) curve for any time t is defined as the plot of {sensitivity(c, t)} versus {1 À specificity(c, t)}, with cutoff point c (24) . AUC can be used as an accuracy measure of the diagnostic marker; the larger the AUC, the better the prediction model. AUC = 0.5 indicates no predictive power, whereas AUC = 1 represents perfect predictive performance. The analysis was done using the software package R. Hierarchical cluster analysis. Hierarchical two-dimensional cluster analysis was done using identified survival marker genes on the 86 Michigan patient samples (5), using software package R. Similarity metrics were centered correlation, and the cluster method was complete linkage. The Silhouette validation method (25) implemented in R was used to evaluate clustering validity and determine the number of clusters. A heat map was generated using Java Tree View. 9 Kaplan-Meier survival analysis. The Kaplan-Meier survival analysis was carried out using software package R. The statistical significance of the difference between the survival curves for different groups of patients was assessed, using likelihood ratio tests and log-rank tests.
Differential expression analysis. ONCOMINE 2.0 10 (26, 27 ) is a cancer microarray database and a web-based data mining platform for cancer genomics research. The differential expression analysis module of ONCOMINE 2.0 was used to evaluate the expression patterns of identified marker genes across the lung cancer microarray data sets in the database. Results with statistical significance (P < 0.05, t statistics) were included in the report.
The SAGE database 11 allows one to compare gene expression between normal tissues and cancer tissues (including cell lines), and between tumors of different histologic origin (28 -33) . We first used the SAGE Anatomic Viewer to identify the tissues in which a selected marker gene is differentially expressed between cancer and normal types. We then used the Digital Gene Expression Display tool to quantitatively analyze the differential expression of the marker gene in the cancer tissue and the normal tissue (including cell lines).
Evaluating classifier accuracy. To assess the significance of individual classifier performance, we computed the probability of the observed prediction accuracy occurring by chance (random prediction using a fair coin flip). The probability of doing at least as well as our prediction models by chance was calculated using binomial distribution functions in software package R.
Results and Discussion
Architecture of the computational model system. The aim of the study was to identify important gene signatures with regard to the intrinsic complex interactions of the genes in lung adenocarcinoma. To provide an accurate prognosis for an individual patient, it is important to build prediction models using machine-learning algorithms, which are stable to the perturbations in the learning data. Based on these considerations, we constructed the model system consisting of three state-of-the-art supervised feature selection algorithms for gene signature discovery, two machine-learning classifiers for lung adenocarcinoma diagnosis and prognosis, hierarchical cluster analysis, and Kaplan-Meier analysis for the further validation of survival marker genes, and differential expression analysis for the elucidation of gene expression patterns (Fig. 1 ).
To identify important marker genes, we first used the random forests to select the top ranked 40 to 60 genes from the original microarray data sets, because the random forest algorithm is excellent and robust in processing large data sets which have a lot of noises (19) . Then, the correlation-based feature selection (20) and the gain ratio attribute selection algorithms (22) were used to analyze the trimmed gene lists to further refine the gene signatures ( Fig. 1 ). The correlation-based feature selection algorithm evaluates subsets of attributes instead of individual attributes. Thus, it is able to identify important attributes under moderate levels of interaction. When applied to gene signature discovery, the correlation-based feature selection algorithm could therefore reveal important marker genes with regard to their intrinsic interactions in lung adenocarcinoma. Gain ratio attribute selection can rank the importance of individual attributes in the classification based on the measurement of the information requirements (22) . In the selection of survival marker genes, the correlation-based feature selection and gain ratio algorithms were used separately to identify a 37-and 8-gene survival signature, respectively. The 8-gene signature is largely a subset of the 37-gene signature. Both the tumor stage predictors and tumor differentiation predictors were selected based on the overlapping results using the correlation-based feature selection and gain ratio algorithms (Fig. 1) . Research. The supervised prediction models were built based on the Bayesian belief networks and the random committee algorithm (Fig. 1) , which are accurate and stable. The random committee algorithm was used to build the survival prediction model, whereas the Bayesian belief networks were used to predict tumor stage and differentiation of lung adenocarcinoma. Tenfold cross-validation was used to evaluate the prediction performance on the training set (5). We used 10-fold crossvalidation to evaluate the prediction models, because the estimation accuracy by this validation method has been proven to have the lowest bias and variance among all validation methods, including the leave-one-out method (34) . Thus, it provides an objective evaluation of the performance of our prediction models. The predictive power of the survival marker genes was further validated on the independent data sets from Unsupervised hierarchical two-dimensional cluster analysis was also used to study the expression patterns of the identified 37 survival marker genes in the 86 patients with lung adenocarcinoma (Fig. 1) . The validity of the clustering was determined using the Silhouette validation method (25) . The resulting clusters of patient samples were further analyzed using Kaplan-Meier survival analysis (Fig. 1) . The unsupervised cluster analysis reveals the intrinsic gene expression patterns and provides useful information for the prognosis of lung adenocarcinoma.
The functionality of the identified marker genes was evaluated in extensive literature survey (Fig. 1) . In addition, the differentiation expression of the identified genes regarding cancer classification, metastasis, stage, and differentiation was further analyzed across the lung cancer microarray data sets stored in the ONCOMINE database (refs. 26, 27; Fig. 1 ). The expression of all the identified marker genes in different tissues (including cell lines) between normal and cancer types was also analyzed using the SAGE techniques (Fig. 1) .
Our results have shown that the proposed model system (Fig. 1 ) is able to identify novel gene signatures, which could be used to build prediction models for accurate prognosis of outcome for individual lung adenocarcinoma patients. The different sources of information and techniques used in this study quantitatively validate the expression patterns of the identified marker genes. Such expression patterns provide meaningful insights of gene functionality to guide future hypothesis-driven experimentation.
Identification of genes associated with survival. The previous studies (5, 6, 18) did not report the prognostic power of their survival gene signatures on individual patients. To identify specific patients at high risk, we first selected important survival marker genes and then used these genes to predict patient survival after therapy. Using the random forest algorithm, a total of 7,129 genes were ranked by the variable importance measure provided in the random forest toolset. In this process, the random forest algorithm was also used as a classifier to evaluate the prediction results based on the selected genes. The prediction accuracy increased with the noise and after irrelevant genes were removed from the prediction model until 59 genes remained as predictors. To further refine the gene signatures based on these 59 genes, we used the feature selection algorithm, correlation-based feature selection, and the classifier, random committee, to identify the 37-gene signature (38 probes; Table 1 ). To evaluate the predictive power of the 37-gene survival signature, we employed the time-dependent ROC curve (5 years) for censored data (ref. 23 ; Fig. 2A ). The AUC is 0.96, indicating that the 5-year survival prediction is highly accurate (P < 1 Â 10 À7 ) by using the 37-gene signature.
To evaluate the survival predictive accuracy of the 37-gene signature on independent data sets, we also validated the 37-gene prediction model on the data sets from Bhattacharjee et al. (6) . The prediction accuracy of the 37-gene survival signature reached 0.835 (P < 1 Â 10 À7 ) as measured by the AUC of the time-dependent ROC curve (5 years) on the independent validation set (Fig. 2B) . Noticeably, the gene expressions in the original training set (5) and the independent validation data set (6) were measured across two generations of the Affymetrix Genechip, HumanFL, and HumanGenome_U95Av2, which have significant variations in the measurements and the hybridization signal intensity (5, 18, 35) . Although the gene expression profiles of the independent validation data sets (6) have been normalized for reproducibility (5) , the discrepancy of the gene expression patterns due to different platforms cannot be totally ignored. Our results suggest that the accuracy of the 37-gene survival prediction model was reproducible using gene expression profiles across different platforms.
Using the gain ratio attribute selection algorithm, we further reduced the list of 59 genes to the top 8 genes. Seven genes in the 8-gene signature were also present in the 37-gene signature (boldface in Table 1 ), and the remaining gene is an unknown gene (with Microarray ID S73149_at). The predictive accuracy of the eight-gene signature is 0.74 (P < 0.008) as measured by the AUC of the time-dependent ROC curve (5 years; Fig. 2A) . None of the identified survival marker genes in our 37-or 8-gene signatures was included in the previous 50-gene signature (5) or in the 16-gene signature (18) based on the same data sets (TUBA1 was identified as one of the 16 survival marker genes; ref. 18 ). The results show that a smaller amount of genes identified using our model system can achieve higher prediction accuracy for individualized prognosis than the previously identified survival marker genes (5, 6, 18) .
Among these 37 genes (Table 1) , 8 genes are oncogenes, which include TAL2, MT3, TNFSF9, GHRHR, THFSF, TAX1BP2, INSF, and EGF. Five genes encode cell signaling proteins. Further analysis found that the LBC (lymphoid blast crisis) gene encodes a protein that is one of the antigens most identified in lung cancer (36) and the MT3 gene encodes a protein that plays an important role in the destruction of lung tissue (37) . Our results also include two well-established lung cancer prognostic factors, TNFSF and EGF, indicating that our results are consistent with the published observations. Interestingly, 8 of 37 genes encode either transcription factors or the protein products related to transcription.
In the hierarchical cluster analysis, 86 lung adenocarcinoma patients in the Michigan data set were aggregated into three clusters, whereas the 37 survival genes were grouped into two clusters (Fig. 3A) . Genes in cluster 1 are correlated with a poor prognosis of lung adenocarcinoma, whereas genes in cluster 2 are correlated with a good prognosis for adenocarcinoma (Fig. 3A) . In Fig. 3A , low relative expression of the genes in cluster 1 (Table 1) is associated with good prognosis in patients with adenocarcinoma, whereas high relative expression of the genes in cluster 1 is associated with poor prognosis in patients with adenocarcinoma. On the other hand, high relative expression of the genes in cluster 2 is associated with good prognosis in patients with adenocarcinoma, whereas low relative expression of the genes in cluster 2 is associated with poor prognosis in patients with adenocarcinoma. For patient sample clustering, all patients stratified to cluster I were in stage I, with N 0 lymph node status (no metastasis) and smaller tumor size (T 1 or T 2 ; Supplementary Table S1). Our results show that the identified 37-gene signature and their intrinsic interactions are important for the accurate prognosis of patients with lung adenocarcinoma.
Kaplan-Meier survival analysis showed that the survival time after therapy was significantly different in three patient clusters (P < 0.0005, log-rank test; Fig. 3B ). Cluster 1 is the good prognosis group with less aggressive lung adenocarcinomas [all in stage I, with smaller tumor size (T 1 or T 2 ), and no metastasis]. Two-thirds of patients in cluster 1 survived a 5-year interval (Fig. 3B) . It shows that, using the identified 37-gene signature, the patients could be stratified into clinically meaningful groups for further prognosis.
Hierarchical clustering of the 37-gene signature aggregated the 84 adenocarcinomas in the independent validation set (6) into three clusters (Fig. 3C) . We examined the relationships between cluster and tumor characteristics (Supplementary Table S2 ). There were marginal associations between cluster and K-ras mutation (P = 0.07) and between cluster and differentiation (P = 0.10). Cluster 3 contained the greatest percentage (58.3%) of K-ras mutation followed by cluster 2 (33.3%) and cluster 1 (8.3%). Cluster 2 contained the greatest percentage (53.3%) of poorly differentiated tumors, followed by cluster 3 (40%), and cluster 1 (6.7%). The survival probability among the clusters was not statistically different using the Kaplan-Meier analysis. As mentioned before, the gene expression data in the validation set were generated from a different gene chip and were normalized to comparable scales for analysis in this study. The discrepancy of the gene expression patterns due to different platforms cannot be totally ignored. In addition, 76.2% of the patients in the validation set had recurrences during the follow up period. However, the Kaplan-Meier analysis cannot take this factor into account.
Differential expression analysis of five survival genes. The 8-gene signature is largely a subset of the 37-gene signature (Table 1) . It suggests that these overlapping genes selected using both feature selection algorithms are important survival marker genes. Within the eight-gene signature, the function of five of these genes are known. Three of them, TUBA3 (38 -40), MSX2 (41, 42) , and ATRX (43), have been found to be directly related to cancer development. The other two genes, ILF3 (44) and EMK1 (45), may be involved in tumor formation. No reports have shown that their expression is related to tumor formation.
We further analyzed the differential expression of EMK1 (MARK2), ILF3, TUBA3, ATRX, and MSX2 across the lung cancer microarray data sets stored in the ONCOMINE database. The analytic results show that the identified survival marker genes, ILF3, TUBA3, and ATRX was overexpressed in females on the data sets from Bhattacharjee et al. (6) , which is consistent with the fact that adenocarcinoma is the most common cause of lung cancer in women. The differential expression analysis indicate that ILF3, EMK1 (MARK2), MSX2, and ATRX were strongly related with metastasis. Overall, these five known genes were all differentially expressed in lung cancer versus normal lung, and were differentially expressed in subclasses of lung cancer with statistical significance on the previous data sets (refs. 5, 6, 9, 13 -16, 46; see Supplementary Materials for details). Using the differential gene expression analysis, the function of some identified marker genes have been validated as directly related to cancer development in the literature, whereas other identified marker genes might be involved in tumor formation as suggested in our analytic studies.
Marker genes to predict tumor stage. It currently remains an open problem to determine the stage of lung adenocarcinoma using quantitative and standardized models based on molecular profiles. To identify a gene signature to predict tumor stage, we used the random forests to select 49 genes out of 7, 129 genes from the Michigan data sets. The 49-gene list was further reduced to 12 genes that overlap in the results from the analysis using the correlation-based feature selection and gain ratio algorithms (Table 2) . Based on the identified 12-gene tumor stage predictors, the prediction model using the Bayesian belief networks accurately predicted the stage of 94.2% lung adenocarcinoma patients, with a prediction accuracy of 98.5% (66 out of 67) for stage I and 78.9% (15 out of 19) for stage III. The errors in the 10-fold cross-validation of the stage prediction model were plotted in Fig. 4A . The output probability for each variable was computed by the Bayesian inference methods, with 0.5 as the cutoff probability in the final classification. One misclassified sample is close to the cutoff with an output probability 0.413, whereas the remaining three with output probability <0.25.
The 12-gene signature (Table 2) does not overlap with the 37-or the 8-gene survival signature ( Table 1 ). The 12-gene predictors were not included in the marker genes identified in the previous studies (5, 18) on the same data sets. The results indicate that, for the first time, the tumor stage of lung adenocarcinoma could be determined by standardized and quantified measurement of the expression profiles of these unique marker genes.
Interestingly, functional analysis found that 4 out 12 genes are directly related to the human immune system. Both D12S2489E and ELA2 gene products mediate natural killer (47) .
Marker genes to predict tumor differentiation. The previous studies (5-7, 9, 10, 15, 18) have not addressed the preoperative determination of tumor differentiation of lung adenocarcinoma using molecular profiles. We sought to identify important tumor differentiation marker genes and employ them to predict tumor differentiation (poor, moderate, and well) of lung adenocarcinoma. From the computational point of view, it is a multiclassification problem, which is intrinsically more difficult than the binary classification problems addressed thus far (48) .
To predict tumor differentiation, we used the random forests to identify the top 50 genes out of 7,129 genes from the Michigan data sets. The 50-gene list was further reduced to 18 genes ( Table 2 ) that overlap in the results from the analysis using the correlation-based feature selection and gain ratio algorithms. Based on the identified 18-gene tumor differentiation predictors, the prediction model using the Bayesian belief networks accurately predicted the differentiation for 83.7% of lung adenocarcinoma patients. The prediction accuracy of well-differentiated tumors was 91.3% (21 out of 23), moderate differentiation 83.3% (35 out of 42), and poor differentiation 76.2% (16 out of 21). Among the misclassified samples, no well-differentiated tumor samples were misclassified as poor differentiation and vise versa. There was no overlap between the tumor differentiation predictors and the survival predictors (Table 1) or the tumor stage predictors identified in this study ( Table 2 ). The 18-gene predictors were not included in the marker genes identified in previous studies (5, 18) on the same data sets. The results show that our identified marker genes are unique and capable of accurately predicting the tumor differentiation of lung adenocarcinomas. Ten-fold cross-validation results for the tumor differentiation prediction model were depicted in Fig. 4B . The cutoff probability is 0.5 in the classification. One misclassified sample is close to the cutoff with an output probability 0.457, whereas the remaining 13 with output probability was <0.40. Noticeably, several genes from this group are directly involved in cell differentiation. PTPN13 is a proapoptotic protein tyrosine phosphatase, which is overexpressed in most cancer cells, and is involved in the regulation of cell differentiation (49) . The expression pattern of CCNB1 is markedly different among differentiated lung cancers (11) . Interestingly, CSPG2 is a target gene of p53 that is a major regulator of cell differentiation and growth. CSPG2 was found to be selectively induced and overexpressed in lung cancer and the knockdown of CSPG2 significantly inhibited lung tumor growth in vivo (50) .
Differential expression of the identified marker genes between cancer and normal tissues. We have identified a 37-gene signature and an 8-gene signature (Table 1) to predict lung adenocarcinoma patient survival after therapy, a 12-gene signature (Table 2 ) to predict the stage of lung adenocarcinoma, and an 18-gene signature (Table 2 ) to predict the differentiation of lung adenocarcinoma. The function of these identified marker genes has been searched in extensive literature survey. To further validate the gene expression patterns in cancer and normal tissues, we used the SAGE database and its associated tools (28 -33) to quantitatively analyze the differential expression of our identified marker genes between cancer and normal tissues.
The SAGE database encompasses over 200 libraries including solid tumor specimens and cell lines. Using the SAGE Anatomic Viewer, we found that the identified marker genes are differentially expressed between cancer and normal types in 13 tissues (including cell lines): such as lung, brain, thyroid, breast, stomach, liver, kidney, pancreas, colon, peritoneum, prostate, ovary, and skin. Furthermore, to quantitatively analyze the gene's differential expression patterns, we used the SAGE Digital Gene Expression Display tool to identify the genes that overexpress or underexpress at least 2-fold (P < 0.05) between cancer and normal tissues including cell lines. In many cases, the overexpression ratios of 5-to 100-fold were found (see Supplementary Materials for details). Our results imply that the identified marker genes are related to cancer development from various histologic origins, which provides possible directions for future cancer research.
In this study, we constructed a comprehensive molecular classification system for the accurate prognosis of lung adenocarcinoma. Our system provides prediction models based on the identified gene expression profiles not only for the identification of specific high-risk lung adenocarcinoma patients, but also for the prediction of the stage as well as the differentiation of lung adenocarcinoma. Random prediction is unlikely to achieve our prediction accuracy. The prediction accuracy of 5-year survival is 0.96 (P < 1 Â 10 À7 ) using the identified 37-gene signature. The correct classification of stage I and stage III lung adenocarcinoma is 94.2% (P < 2.9 Â 10 À20 ) using the 12-gene stage predictors. The prediction accuracy of lung adenocarcinoma differentiation reaches 83.7% (P < 3.7 Â 10 À23 ) using the 18-gene signature in the studied cohort. Our results showed that, using the proposed prediction models and the identified marker genes, we can accurately predict the clinical outcome of lung adenocarcinoma patients. The differential expression analysis of the identified marker genes shows that most genes are either overexpressed or underexpressed in tumor tissues with a variety of histologic origins. It implies that our identified marker genes are related to cancer development. Although some genes have not gained wide recognition, their differential expression patterns have reached statistical significance over various sources of data, which provides directions for future hypothesis-driven experimentation. The knowledge in this study is extracted from the public domain data, which is therefore repeatable and provides a consistent platform for the evaluation of future prognostic models.
